We apply seasonal unit root tests to apple and pear price and quantity data. We then develop a method for testing shifts in amplitude andjor phase of the seasonal cycles. The results have implications to econometric specifications of models which use short-run data (quarterly, monthly). Published by Elsevier Science B.V.
1. Seasonality and unit roots: implications to demand for U.S. fruits
Testing the properties of time series data has received much attention in the general economic literature with particular emphasis on macroeconomic variables. More recent literature has emphasized the importance of seasonality in macroeconomic time series data (Hylleberg et al., 1990 (Hylleberg et al., , 1993 Kunst, 1993; Canova and Hansen, 1995; Franses, 1991; Franses and Paap, 1995) . In particular, if seasonal unit roots cannot be rejected, then seasonal differencing of the data is appropriate. These papers have also tested the stability of seasonal trends which exist in certain macroeconomic variables. However, the implication of such tests is that if seasonal trends change over time, deterministic seasonal dummy variables do not capture the true essence of seasonal variations.
While seasonality exists in various time series data, it is readily observed in agriculture. Production of agricultural goods in a particular region is confined to certain months of the year, thus leading to pronounced seasonal variation in observed variables such as supply, demand, prices and others.
The U.S. fruit markets exhibit characteristics of significant seasonality both in prices and quantities. Demand for certain fruits may be influenced by seasonal traditions. Prices of fruits rise during the winter season when domestic supply diminishes, while imports from other countries such as Chile and Mexico increase dramatically. The traditional approach for accounting for such seasonality in modeling agricultural markets (supply, demand, trade) has been to use seasonal dummy variables. Both the dramatic increase in availability of fruits, (particularly apples, grapes, and pears) imported from other producing countries during the off season and demographic changes within U.S. households may have changed the seasonal cyclical structure of the market. Thus, the cyclical seasonal variation in such markets may have shifted. While it may be possible to specify a model which describes such changes, there are less costly and less data-demanding techniques for capturing seasonal trends which extend beyond the use of seasonal deterministic dummy variables.
Unit root tests are typically applied to trends in time series data. Many time series data have been shown to be integrated of order 1, thus indicating that first differencing of the data will insure stationarity. Recently, Hylleberg et al. (1993) devised a formal method of testing for seasonal unit roots. If seasonal unit roots exist, then seasonal trends are present in the data requiring seasonal differencing as a first step in time series analysis. While this point has been the focus of seasonal root studies, a related point is that evidence of seasonal trends indicate that either the amplitude of the seasonal cycles have shifted, andjor the timing of the season has shifted. This latter case is referred to by Hylleberg et al. (1993) (p. 328) as the case of 'winter becomes spring. ' There are number of examples as to why amplitude and phase shifts may arise in economic data. Increase harvest from year to year and growing demand for heating fuel are just two examples for why amplitude shift can be observed in economic data. Phase shifts in seasonal cycles can occur when new seed varieties are introduced or new areas are brought under cultivation. Hylleberg et al. (1993) cite the example of growing irrigation as a contributor to phase shift, and Franses (1991) mentions the shift of vegetables production to greenhouses as a reason for changing seasonal agricultural cycles.
Phase shifts in consumption patterns rnay result from demographic changes such as changes in the number of school age children, changes in the percentage of working women, or changes in the ratio of manufacturing to service workers. Changes in relative regional population levels, each with its own seasonal consumption habits, can cause a phase shift in the aggregate demand for some products. Franses (1991) states that the timing of winter and summer clearance sales has shifted over time. While many of the examples provided in the literature are agriculture in nature, most studies go on to test for seasonal unit roots in macroeconomic variables.
In this paper, we apply seasonal unit root tests to price and quantity data for apples and pears. These fruits were chosen because of observed changes in their consumption and price and because of data availability. One of our goals is to demonstrate that seasonal unit roots appear in data that are sector specific. Previous studies have primarily demonstrated that macroeconomic data have seasonal roots. While this test has the usual implications for time series analysis, we argue that it also has implications for constructing structural models. In effect, we argue that these tests can determine whether traditional seasonal dummy variables capture all aspects of the seasonality in a structural model. We then illustrate how trigonometric variables in conjunction with trend variables can be used to determine whether a seasonal trend arises from changes in the magnitude of a seasonal cycle or a shift in a seasonal cycle. We apply this approach to a simple specification of demand equations. Our objective is not to provide a complete description of the demand for apples and pears but to demonstrate that seasonal unit roots can be found in data beyond the standard seasonal macroeconomic variables and to demonstrate how to distinguish between trends in seasonal amplitude and seasonal phases.
The rest of the paper is organized as follows. Section 2 uses three simple specifications to estimate the demand for apples and pears. Results are presented and compared. In Section 3, tests for seasonal unit roots are outlined and discussed. seasonal cycles, the demand equations are specified with seasonal trends in Section 5. Results of the estimation and tests are analyzed. Section 6 concludes the paper. Hylleberg et al. (1990) developed seasonal unit root tests which can aid in univariate modeling. Osborn (1993) argues that these tests are generated by statistical concerns and need to have more economic rationalization. We review and apply these tests and show an alternative method for capturing seasonal trends using a simple specification of demand equations for apples and pears.
Simple specifications of fruit demand and results
To facilitate the above objective, several specifications of the demand for apples and pears are estimated. This is done using monthly data spanning the 1976-1993 period. 1 The first model does not account for any seasonality:
( 1) where q; 1 is the quantity consumed of fruit 1 m period t Ct = 1, ... ,T), P;,t is the own price, Pj,t is the price of substitute, I is income and 8 is an error term with zero mean. The parameters in Eq. (1) for apples and pears were estimated jointly with each fruit serving as a substitute for the other. Note that these equations serve as a base for building in seasonal effects. To maintain focus on seasonality the 1 See Appendix A for data sources. Table 1 . Symmetry restrictions on the cross price variables could not be rejected and therefore were imposed on the two equations. 2 All the coefficients carry the correct signs with the own price and income variables being highly significant. The cross-price coefficient in the apple equation was positive but not significant and negative and significant in the pear equation. While the adjusted R 2 is relatively low at 0.29 for apples and 0.21 for pears, each equation is significant at the 0.01 confidence level using an F-test (see Chow (1983) p. 58).
The second specification of the demand equations is similar to Eq. (1), but contains four seasonal (quarterly) deterministic dummy variables. Thus, Eq.
( 1) becomes:
where D;s are the quarterly dummy variables taking a value of one for observations occurring during quarter i and zero otherwise.
The results of estimating Eq. (2) and the implied elasticities are summarized in Table 2 . As in Eq. (1), symmetry restrictions could not be rejected and therefore were imposed. Including seasonal dummy variables improved the results in several ways. First, the cross price effects are now significant and indicate that apples and pears are substitutes. Second, the seasonal dummy variables are all significant. Last, the fit of each equation as indicated by the adjusted R 2 has improved to 0.51 for apples and 0.60 for pears.
A third specification of the demand equation includes trigonometric variables and is specified as follows: The above equations were estimated without any exploration of seasonal trends and are used only to illustrate how seasonality, which is often portrayed through dummy variables, influences the relationships in our data. Tests for seasonal trends are reported in Section 3.
Seasonal unit roots
In an article on seasonal trends, Hylleberg et al. (1990) have devised a method for exploring seasonal roots in the data. Noting that recent literature on time series analysis of data with unit roots has affected the practice of econometric applications, they conclude that current tests of unit roots assume a zerofrequency peak in the spectrum of the data. They go on to claim that there has been little effort to develop tests for other unit roots that may be inherent in the data. Hylleberg et al. (1990) (p. 216) state, "because many economic time series exhibit substantial seasonality, there is a definite possibility that there may be unit roots at other frequencies such as the seasonals."
To determine whether there are any seasonal roots in a univariate time series data, Hylleberg et al. (1993) decompose the polynomial which describes seasonal differenced data. For example, consider quarterly data for variable X and seasonal difference it: X 1 -X 1 _ 4 • This expression can be represented in a backshift notation: (1-B 4 )XI' where B is the backshift operator. The polynomial (1 -B 4 ) can be decomposed into four components:
This decomposition highlights that there are four roots to differenced quarterly data. Two real roots ( -1,1) and two imaginary roots (-i, + i). By expanding the polynomial about these roots, a test for seasonal unit roots can be devised. Several studies (Hylleberg et al., 1993; Franses, 1991; Joutz et al., 1995) have used monthly macroeconomic data to test for seasonal unit roots.
We follow the Franses (1991) version of the seasonal unit root test and seasonally difference the monthly data, Y 8 1 = (1-B 12 )X 1 • Y 8 , 1 is the seasonal first difference (the diffemce between an observation in period t and corresponding observation in the previous year). First, factor (1-B 12 ) into 12 polynomials, each representing a different frequency. Note that each :r;, represents a filtered version of the variable X. We then apply the Hylleberg et al. (1990) procedure to linearize these polynomials around the zero frequency unit root and 11 seasonal unit roots. The resulting equation can be used to test for monthly seasonal roots using monthly data:
Ys,,=D1Y1,t-1 +DzYz,r-1 +03Y3,r-I +04Y3,r-2 + DsY4,t-1 + n6Y4,t-2 + n7Y5,t-l + DsYs,t-2 + u 9Y6,t-l + n!OY6,t-2 +DuY7,r-I +Dl2Y?,r-z+J.Lr+er
where n i are parameters to be estimated and:
X{l +B 2 +B 4 )X 1 y = -{l-B 4 )(1-B 2 +B 4 ){1-B+B 2 )X 1
The various representations of the data are derived by taking a polynomial decomposition of (1 -B 12 ) to represent different seasonal cycles. Y 1 represents data where all seasonal cycles have been eliminated. A failure to reject the null hypothesis H 0 :D 1 = 0 implies that we cannot reject the presence of a non-seasonal unit root. If this holds and seasonal unit roots are rejected then an autoregressive model in first differences can adequately represent the time series of interest. The variables Y 2 ... Y 7 represent data where all but one frequency has been eliminated. Descriptions of these frequencies are provided by Hylleberg et al. (1990) and Beaulieu and Miron (1993) .
A data series may reflect a mix of both seasonal and non-seasonal trends. One of the advantages of the multivariate test in Eq. (5) is that it isolates seasonal cycles from each other and from non-seasonal trends. Beaulieu and Miron (1993) (p. 307) state that "the goal is to test hypotheses about a particular unit root without taking a stand on whether other seasonal or zero frequency unit roots are present."
To test for seasonal unit root, we test the significance of the parameters n2 ... nl2 which correspond to each :r;. The null hypothesis is such that the data have a unit root at the zero frequency and the seasonal frequencies. Rejection of a non-seasonal unit root is based on the estimated standard error on D 1 . For seasonal unit root testing, joint tests of the n coefficients, representing the same transformed variables :r;s (for example, n3 and n4 are coeffi-cients on Y 3 ), are performed. If a test result is not significant, then we cannot reject unit root at the seasonal frequency represented by the respective :r;. 4 Beaulieu and Miron (1993) note that unlike past approaches to exploring seasonal trends, this test allows one to distinguish processes that may be integrated at only some of the frequencies.
Note, the appropriateness of applying the standard seasonal filter (1 -B 12 ) implies that a series is integrated at the zero frequency and at all seasonal frequencies. Thus, the above procedure is primarily used as a mean to test the validity of seasonal differencing. However, emphasis should also be placed on the fact that the presence of seasonal unit roots indicates that either amplitudes of seasonal cycles are changing over time, and/or that there are phase shifts in the seasonality of the data. Phase shifts indicate that the seasons themselves are not constant and may shift over time. If the test is performed with seasonal deterministic dummy variables included, then the results can be used to determine whether dummy variables capture all aspects of seasonality. If seasonal dummy variables are included and unit root cannot be rejected, then standard dummy variables will not capture a changing seasonal trend.
Results
We tested the monthly data for seasonal unit roots in each of the five variables of the model. These are pear price and quantity, apple price and quantity, and income. Three versions of Eq. (5) except for the joint F-tests for all complex TI;. and hence that significance levels of 10%, or even higher may be more appropriate.'' Using the approach suggested by Hylleberg et al. (1993) and Franses (1991) , we test for unit roots and seasonal roots at each frequency as implied by the Y;s. 5 The results indicate that in general, unit roots as well as seasonal roots cannot be rejected for most variables and seasonal frequencies. Both price and quantity data for pears as well as income are characterized by unit and seasonal roots at all frequencies. For apple prices, we reject unit root at the frequency 4/12 (8, 12) represented by Y 7 • With seasonal dummies and trend included in the model, we also re-5 Joutz et al. (1995) employ a joint test to all frequencies by testing 0 1 = 0 2 = ... 0 12 = 0. We also applied this test and could not reject seasonal unit roots for the dependent variables, apple and pear quantities. Note that such an approach eliminates the ability to test hypothesis about a particular seasonal unit root which is a major advantage of the Hylleberg et al. (1993) approach. jected seasonal root at the 6/12 frequency implied by Y 2 • For the apple quantity data, results suggest rejection of seasonal unit roots at several frequencies when trend or trend and dummy variables are included in the model. These frequencies are represented by Y 3 , Y 4 , Y 5 , and Y 6 • Overall, these results indicate the presence of trends in the seasonality of the data. Notice, however, that these results do not provide information as to the nature of the seasonal trend. In the next section, we develop a test which identifies the source (phase vs. amplitude) of the shift for the dependent variables in the demand equations.
Demand equations with seasonal trends
F-ailure to reject seasonal unit roots implies that a data series is generated by integrated seasonal process which can be described by: (6) where e 1 is a random error. Such result is useful for univariate modeling of time series data, but provides little guidance for economic modeling.
Several authors (Kunst, 1993; Boswijk and Franses, 1995) discuss multivariate extensions of the above specification. Kunst (1993) estimated a seasonal error correction model (ECM) using quarterly data. 6 Quarterly differences were regressed on lagged quarterly differences and levels of each variable transformation. A monthly seasonal ECM with four variables would require 48 explanatory variables of which four variables would represent lagged differences and 44 variables would represent the 11 transformations of each of the four variables. Viewing the seasonal ECM as an extension of the stan-dard ECM, it should be clear that a simplifying two-step procedure is available. One would estimate level models for each transformation and then use the error terms as explanatory variables in the seasonal ECM which include the seasonal differences. In a four variable model, this would reduce the number of explanatory variables to only 15. Yet, it would still be difficult to provide meaningful interpretation of such results.
An alternative approach is to argue that there exists a model which is deterministic about seasonal trends. One can create a variable that consists of an interaction term between a trend variable and a trigonometric variable representing a particular frequency. This variable can then be used as an exogenous variable in the economic model. Though the approach to handling seasonality is quite distinct from time series analysis or estimation of a seasonal error correction model, it is motivated from the observation that there are seasonal trends in the data. In a complex model, interaction terms could be created for every frequency.
In this section, we keep matters simple and create an example of using an interaction term for the frequency represented by sin((1 / 6)7T t) and cos((1/6)7Tt). 7 This interaction term between data which trends annually and seasonal trigonometric variables can be used to determine the source of seasonal trend. For example, it may be of interest if seasonal trends changes are occurring from changes in the amplitude of the seasonal cycle, from a phase shift of a cycle, or both. Though seasonal unit root tests can measure if there are seasonal trends, it cannot determine whether they arise from amplitude or phase changes. 8 Consider the following function (Chow, 1983) :
The dot inside the parentheses represents the argu-7 Interaction terms can be created at any frequency where unit roots are shown to exist. 8 Recall that a data series with a unit root will have a permanent memory of an error. Similarly, a data series with seasonal roots indicates that an error in a certain season will be reflected in that season's observations in the future. Thus, a seasonal shock can cause permanent changes in the amplitude of a cycle and a series of adjacent shocks can permanently shift the cycle. ments of the function. The amplitude of the function is given by:
Changes in amplitude, at a particular frequency, can be monitored by observing the changes in the coefficients of the trigonometric variables representing that frequency. This can be done using a trend variable interacting with the trigonometric variables. 9 A phase shift is more complex. Such shift changes the starting and ending points or the location of a seasonal cycle. The location of a cycle at a particular frequency depends on a weighted average of the cosine and sine variables. These weights are determined by the parameter values of the trigonometric variables in the estimated model. If the location of the seasonal cycle is displaced by the amount T, then the relative weights must change as well. Formally, tan( T) which is the tangent of the phase displacement, can be shown to be proportional to ( /3 1 / {3 2 ). Therefore, changes in the relative coefficients of the trigonometric variables can represent a phase shift in the season. 10 In short, if there are seasonal unit roots, then there are either changes in amplitudes and j or phase shifts. However, seasonal unit root tests cannot determine which changes are occurring. If one creates a stmctural model that is deterministic about seasonal trends, there is a way of isolating these changes by including the following term in the estimated model: /31 *cos(·)+ a 1 *TR*cos( ·) + /32 *Sin(·) (7) where TR is a variable that exhibits a trend like effect over the time period under consideration. If either a 1 and/or a 2 are significant, then from the definition of the amplitude, we can conclude that the 9 If both coefficients on the trend variable are positive (negative), then amplitude rises (falls). However, if one is positive and the other negative, whether the amplitude of the seasonal cycle rises or falls depends on their relative magnitude.
10 One way of viewing a phase shift is to take the trigonometric identity sin( T + T) = sinT *COST +COST *Sin T. Consider that T is the size of displacement from sin( r ), then estimate a model with trigonometric variables. The estimated parameter {3 1 on the cosine variable is equivalent to sin( T ), and the parameter {3 2 is propmtional to cos( T ). Thus, ( {3 1 I {3 2 ) is proportional to tan( T ).
amplitude of the seasonal cycle is changing over time. 11
The test for a phase shift is slightly different. If the coefficient restriction a 2 = {3 2 a 1 //3 1 does not significantly change the fit of the model, then we cannot reject the hypothesis of no phase shift. This comes from recognizing that no phase shift occurs only if the tangent of displacement ( T) without dummy variables ( {3 2 / {3 1 ) equals the tangent of displacement in the presence of dummy variables. Thus, when no phase shift occurs in the seasonal cycle, the following holds:
ai*TR+/31 {31 Imposing Eq. (8) is equivalent to the coefficient restriction on a 2 above. If the test rejects the equality in Eq. (8) and indicates the existence of a phase shift, then it is equivalent to the earlier statement "winter becomes spring" by Hylleberg et al. (1993) . Table 5 lists the estimated parameters and calculated elasticities for the apple and pear equations which include the trigonometric variables interacting with the trend variable. We use the share of imports in the U.S. market as a proxy for the trend variable. Since the share of imports have been increasing over the years, the interaction of the proxy with the trigonometric variables amounts to a trigonometric trend variable.
All the price and income coefficients are significant with the correct signs. In the apple equation, one of the interaction terms is significant, while in the pear equation both terms are significant. The next step is to test whether the seasonal cycles have shifted over time in either amplitude andjor phase. Table 6 reports the results of these tests. The amplitude test was performed by setting both interaction terms equal to zero and tested against the unrestricted model. The reported statistics are distributed as x 2 with two degrees of freedom, and the significance levels of the test are reported in square brackets. The null hypothesis of no amplitude shifts in the seasonal cycles is rejected at the 0.08 level in the 11 When the trend variable is included in the model as specified in Eq. (7), the amplitude is measured as: (( /3 1 + a 1TR)2 + ( /32 + az TR)2 )1/2. apple model and at the 0.01 level in the pear model. Thus we clearly reject no amplitude shift for pears quantity data and also reject it for apples at lower confidence level. The test for phase shift is more complex. The parameter restrictions as implied by Eq. (8) are non-linear, and therefore, the restricted model had to be estimated using non-linear methods. Only the significance levels of the test are reported. 12 The results indicate that we could not reject the null hypothesis that the restricted model was not different from the unrestricted model. Therefore, the non-linear restriction is valid indicating that no phase shift occurred in the seasonal cycles.
In summary, it appears from our simple example that the source of seasonal trends observed in the 12 We use SAS to estimate the non-linear system. The value of the generalized x 2 statistics is not reported by the software. Therefore, only the significance levels of the test are provided in the table.
Conclusions
Recently, there has been a significant number of studies which investigated seasonal trends in macroeconomic data. In this literature, authors have developed sophisticated statistical techniques for searching for unit roots at all possible seasonal frequencies. A major drawback is that these methods focus on statistical techniques and leave little in the way of economic interpretation. One byproduct of these studies that has implications for structural economic models is the point that the presence of seasonal trends implies either that amplitudes of seasonal cycles and/or phases of seasonal cycles are shifting. Therefore, it would be useful to have a test that can distinguish between the two effects.
Developments in this literature may be of particular interest to those who analyze agricultural data which often follow seasonal cycles. With new offseason supply sources, particularly in fruits and vegetables, it is possible that the seasonal cycles are changing. Thus, seasonal unit root tests could become important in future modeling of agricultural products as well as a necessary step for time series analyses with seasonal data.
In this paper, we apply seasonal unit root tests to several agricultural data series which exhibit season-ality. We then develop a method for incorporating seasonal trends into an economic model when the dependent variable may follow seasonal trends. Our method permits determining whether changes in seasonal cycles are occurring because of a change in the amplitude of the cycles andjor because of a change in the timing of the cycle (phase shift).
We use simple demand equations as a way of illustrating how seasonal trends can be incorporated into a structural model. Extensions to formally derived systems of demand equations should be obvious. The progression of calculated price and income elasticities from Tables 1-5 shows that the elasticities could be sensitive to standard seasonal variables and seasonal trend variables. Future research should explore the impact of incorporating seasonal trends into systems of demand equations, attempt to apply seasonal co-integration tests to monthly (rather than quarterly) data, and explore whether a monthly seasonal error correction model can provide meaningful insights into economic interpretation of seasonal relations between variables. Each of these issues, by themselves, requires extensive analysis.
